Regionalization for prediction in ungauged basins at hourly resolution is important for water resources management (e.g. floods and hydropeaking). In this paper, calibration of 26 catchments (39-3090 km 2 ) in mid-Norway was performed using hourly records and three spatially distributed (1x1 km 2 ) precipitation-runoff models: a first-order nonlinear system model (hereafter Kirchmod), the HBV model and the Basic-Grid-Model (BGM). Four regionalization methods for each model namely parameter set yielding maximum regional weighted average (MRWA) performance measures (PM), regional median of optimal parameters (RMedP), nearest neighbor (NN) and physical similarity (PS) were evaluated and compared with three benchmarks. Parameter transfer from best regional donor (BRD) and from an ideal best arbitrary single-donor (BASD), and local calibration (LC) were as benchmarks. The physical similarity attributes include hypsometric curves (PSH), land use (PSL), drainage density (PSD), catchment area (PSA), terrain slope (PSS), bedrock geology (PSR), soil type (PSSO) and combination of all (PSC).
(NSEln) based on the same evaluation criteria. Similar performance to the more advanced regionalization methods of transfer of homogeneous parameter sets across the whole region from the BRD for both NSE and NSEln indicate the potential of the simple regionalization approach for predicting runoff response in the region.
Introduction
Continuous time precipitation-runoff modelling has been used to represent the hydrological processes and understand the basin response. The modelling task entails parameter calibration procedures for gauged basins. However, model identification is not always straightforward due to uncertainties in input data (e.g. climate forcing and streamflow), model structure and potential non-identifiability of some model. Moreover, there are further challenges for prediction in ungauged basins (PUB; Sivapalan et al., 2003) through transfer of information from the calibrated gauged basins to ungauged sites. The uncertainty in precipitation measurments due to the inability of the existing gauges to properly capture the spatial variability of precipitation is a major source of data uncertainty that affects parameter calibration and model prediction. Application of spatially distributed hydrological modelling has been encouraged due to the availability of spatial data and their potential to simulate streamflow at interior catchments. Distributed model efficiency seems to depend on rainfall and model spatial resolution (Pechlivanidis et al., 2011) . When the model can capture the spatial information content of precipitation (e.g. McIntyre and Al-Qurashi, 2009 ), effective parameters that are calibrated for a catchment based on spatially distributed inputs, and computations of fluxes and states may have the potential for better performance when transferred to interior locations within the catchment over a calibration based on the lumped counterpart. Hence, spatially distributed modelling and parameter regionalization are important for the PUB. Regionalization methods have previously been used to transfer knowledge from gauged to ungauged basins (Blöschl and Sivapalan, 1995; Oudin et al., 2010) , which require evaluation and identification of the methods.
Regionalization methods
Several methods for parameter regionalization have been reported. Parajka et al. (2013) categorized parameter regionalization methods into five groups. The first method is based on regional calibration by utilizing data from multi-sites in the region. Fernandez et al. (2000) implemented a regression model based regional calibration and concluded that improved regional relationships between watershed model parameters and basin characteristics did not result in improvements in the ability to model streamflow at ungauged sites. Beldring et al. (2003) conducted simultaneous calibration of distributed HBV model for 141 catchments in Norway by assigning similar parameter values for spatial units with identical landscape classification and concluded that the method provides satisfactory calibration and validation results. Engeland et al. (2006) conducted a multi-objective calibration of a physically based distributed model using multi-sites streamflow observations to obtain regional parameter sets and concluded that the estimated parameter and streamflow uncertainty depends on the applied method, the chosen objective functions and the data used. Parajka et al. (2007) proposed an iterative regional calibration (IRC) in which the model parameters of catchments are calibrated simultaneously by defining a combined objective function that linearly combines the local and regional information and concluded that the regional calibration method reduced the uncertainty of most parameters as compared to local calibration. Donnelly et al. (2009) illustrated comparable performance of a simultaneously calibrated spatially homogeneous parameter sets for a multi-basin HYPE hydrological model with locally calibrated parameters. Vaze et al. (2013) showed similar performance of the regional calibration where one parameter set is used to model an entire sub-region or region and transfer of local calibrated parameter sets from gauged to ungauged catchments using geographical proximity. Hence, study is required to evaluate the performance for PUB of homogeneous parameter set derived for a region from the regional calibration.
The second method is also multi-donor regionalization method based on transferring of averages of optimized parameters for the catchments in the region or "parameter averaging" (e.g. Kokkonen et al., 2003 , Oudin et al., 2008 Kim and Kaluarachchi, 2008) , using averages of streamflow that are simulated from parameter sets transferred from the donor catchments or "output averaging" (e.g. Oudin et al., 2008) and ensemble simulations. Using the median statistics rather than the mean may be necessary as the median value is less affected than the mean by poor performance of some donors. McIntyre et al. (2005) illustrated ensemble predictions for the PUB and concluded that it is important to integrate the results of a wider range of model types. Cibin et al. (2014) transferred probability distributions of parameters rather than transferring a single optimal parameter vector or averaged or interpolated parameter values and obtained that the observed streamflow in the 'proxy-ungauged' basin lies well within the estimated confidence interval of predicted streamflow.
The third regionalization method is based on geographic distance, i.e. nearest neighbor (NN) . The NN method is based on the assumption that hydrological properties vary smoothly in space and hence spatial proximity between the donor and the recipient catchments can explain hydrological similarity. Hence, the density of hydrometric gauging stations may affect the performance of the method as the heterogeneity in runoff response may increase as the distance between the donor and recipient catchments increases. Among others, Oudin et al. (2008) , Zhang et al. (2009) and Samuel et al. (2011) used distances between catchment centroids; other distances (see Gottschalk et al., 2011) can also be used. This method is based on either a single-donor nearest neighbor catchment (e.g. Merz and Blöschl, 2004; Parajka et al., 2005) or multi-donor nearby catchments (e.g. Parajka et al., 2005; Oudin et al., 2008; Samuel et al., 2011; Arsenault and Brissette, 2014) .
The fourth regionalization method is physical similarity (e.g. Kokkonen et al., 2003; McIntyre et al., 2005; Parajka et al., 2005; Oudin et al., 2008; Reichl et al., 2009; Zhang and Chiew, 2009; Samuel et al., 2011; Arsenault and Brissette, 2014) , which is based on the assumption that similarity in some physical attributes that govern the runoff response could explain the hydrological similarity. This method is also based on either a single-donor catchment or multi-donor catchments. The method requires identification of the physical and climate attributes (e.g. Sawicz et al., 2011; Viglione et al., 2013) , which influences the runoff response in the study region.
The fifth regionalization method is regression based, which uses data from many catchments to develop regression relationships for instance among model parameters and catchment characteristics. Bárdossy (2007) concluded that regionalization should not focus on relating catchment properties to individual parameter values but on relating them to compatible parameter sets. Parameter equifinality (Beven, 2006) or interactions among parameters during calibration may not retain the expected relationships between model parameters and catchment attributes. In addition, several studies illustrated various limitations in the regression based regionalization methods (e.g. Fernandez et al., 2000; Lamb and Kay, 2004; Wagener and Wheater, 2006; Bastola et al., 2008; Bulygina et al., 2009 and Pechlivanidis et al., 2010) .
Factors that influence regionalization performance
There are different challenging factors pertinent to the identification of suitable regionalization methods for instance selection of donor catchments, identification of models and performance measures. Wagener and Wheater (2006) noted uncertainties pertinent to estimation of continuous streamflow time-series in ungauged basins. Evaluations of the performance of different regionalization methods are performed in literature in order to identify suitable methods (e.g. Parajka et al., 2005; Oudin et al., 2008; Zhang and Chiew, 2009 ). However, comprehensive comparative investigations related to PUB are required for a geographic region of interest.
In general, previous comparisons of regionalization methods were mainly conducted at low spatial and temporal resolution (i.e. lumped-semi-distributed and/or daily time step).
Distributed models are expected to provide more opportunity for prediction at ungauged locations. In addition, predictions at hourly temporal resolution are also important for management of water resources e.g. inflow prognosis for hydropeaking operation of hydropower reservoirs, flood prediction and monitoring of environmental flows. Littlewood and Croke (2013) indicated the importance of a fine temporal resolution also for extraction of the information content of the data for accuracy of calibrated parameters, which would allow more reliable parameter regionalization. Uncertainties related to model structure, parameter calibration and input data affect the performance of the regionalization of precipitation-runoff models for continuous simulation of streamflow (see Wagener and Wheater, 2006; Oudin et al., 2008; Oudin et al., 2010; Kim and Kaluarachchi, 2008; Gupta et al., 2008) . Engeland and Gottschalk (2002) noted that structural errors in the model are more important than parameter uncertainties. Oudin et al. (2010) noted that the physical meaning of calibrated model parameters suffers from problems in model identification, model structural errors, and difficulties in finding an appropriate calibration strategy. Several previous studies (e.g. Croke and McIntyre, 2013; Yadav et al., 2007; Oudin et al., 2008; Samuel et al., 2011; Kim and Kaluarachchi, 2008) noted the importance of considering the representativeness or quality of input climate data for PUB.
Previous attempts for continuous streamflow simulation by rainfall-runoff models for PUB were mainly based on conceptual rainfall-runoff modelling, i.e. the HBV model (e.g. Siebert, 1999; Merz and Blöschl, 2004; Parajka et al., 2005; Götzinger and Bárdossy, 2007; Samuel et al., 2011) , the Probability Distributed Model (PDM; Moore, 1985) and its variants (e.g. McIntyre et al., 2005; Zhang and Chiew, 2009; Pechlivanidis et al., 2010) . Regionalization based on data based 'top-down' rainfall-runoff modelling paradigm, for instance based on model equations and parameters that can be inferred from catchment storage-discharge relationships as illustrated by Kirchner (2009) , is not common. Croke and McIntyre (2013) and Hrachowitz et al. (2013) noted the importance of such parsimonious approach for PUB. Selection of proper model structure is important in regionalization study. Parajka et al. (2007) concluded that it would be worth improving the model efficiency for the local calibration case by varying the model structure between catchments depending on regional runoff processes. Lee et al. (2005) while selecting conceptual models for regionalization of catchments in UK concluded that the study provided no evidence of relationships between catchment types and model structures. Therefore, comprehensive evaluation of the regionalization methods based on different modelling paradigms and several model structures is indispensable.
Furthermore, Lee et al. (2005) and Wagener and Wheater (2006) illustrated the incapability of regionalized models to simulate both high flow and low flow behaviors of catchments simultaneously. Model identification or performance is dependent on the objective functions used (Gupta et al., 1998; Madsen, 2003; Muleta, 2012) . Patil and Stieglitz (2011) also illustrated based on flow duration curves for catchments in the United States that similarity among catchments is not preserved at all flow conditions. Some catchments that are similar in their rainfall and snowmelt dependent high flow regime may not be necessarily similar in their catchment storage related low flow regime or vice versa due to differences in their precipitation patterns and subsurface characteristics. However, Oudin et al. (2006) illustrated good efficiency for both low-and high flows through model combination. Hence, dependency of the regionalization on the performance measures is also an additional challenge in the regionalization endeavors, which needs consideration. Further references on regionalization works can be found from review papers by He et al. (2011) , Razavi and Coulibaly (2013) and Hrachowitz et al. (2013) , and the synthesis by Parajka et al. (2013) .
Despite of several attempts of regionalization for prediction in ungauged basins, there are still challenges in transferring hydrological information through rainfall-runoff model parameters from gauged to ungauged catchments within a certain region (see a recent review by Hrachowitz et al., 2013) . No universally best-performing regionalization method, model structure or evaluation criteria could be suggested due to the peculiarities of catchments in different climate regimes and landscapes (see a recent synthesis by Parajka et al., 2013) .
Scientific questions and objectives of the paper
The present study will attempt to answer the following questions: (a) are the performance of the regionalization methods consistent among model structures, performance measures (PM) and statistical approaches used for evaluation of the PM? and (b) which regionalization method performs best for the specific region of study?. The present study is the first attempt for distributed hourly runoff simulation in the study region, and it would contribute scientifically to the growing interest for hourly prediction in ungauged basins pertinent to hydropower operation (e.g. hydropeaking, floods, environmental flow assessments and prediction of natural flow).
The paper is organized as follows. The next two sections provide brief explanation of the study region and data, and models and methods used. Then, the results of the regionalization study are presented followed by discussions. The last section provides conclusions.
The Study Region and Data
The study catchments were selected from large set of catchments in the mid-Norway region. Figure 1 .
Precipitation occurs mainly in the form of snowfall during winter (DJF) and as rainfall during summer, spring and autumn. Hence, runoff dynamics is influenced by both rainfallrunoff and snowmelt-runoff processes. High flow regimes for most of the study catchments are related to snowmelt events (nival regime). In addition, some catchments exhibit rainfall on snowmelt events (pluvial and nival combined) and rainfall events (pluvial) dependent high flow regime. 
Models and Methods
Three distributed (1x1 km 2 grid) precipitation-runoff models namely the 'top-down' water balance model (hereafter Kirchmod; Kirchner, 2009) , the Hydrologiska Byråns
Vattenballansavdelning model (hereafter HBV; Lindström et al., 1997) and the Basic-GridModel (hereafter BGM; Bell and Moore, 1998) were used. Lists of calibrated parameters along with their prior ranges are given in Table 3 . Model structures of the runoff response routines are presented in Figure 2a -c. Brief descriptions of the models are given here.
Kirchner's runoff response routine
Kirchner (2009) response routine is given as:
The dQ/dS = g(Q) or discharge sensitivity function (Kirchner, 2009) , where S is catchment averaged storage and Q is discharge. The runoff simulation was based on the following integral equation and the following regression relationship between the g(Q) and Q was considered:
where the actual evapotranspiration (AET), infiltration in to the soil (I) = rainfall + snow melt (SM), Q and S are all in mm, t is a time variable, β0 and β1 are calibrated model parameters. A Runge Kutta 4 th order method was used to integrate the equation over the time step. The AET were computed from the potential evapotranspiration (PET) and discharge according to:
where the EvR is a parameter which denotes a discharge at which AET equals 0.95*PET and SCA is the fraction of grid cell that is snow covered i.e. AET is set to zero for snow covered areas. The Q is an instantaneous simulated discharge solved by the numerical solver while the average Q over the computational time step of 1h (mm/hr) is used for calibration against a hourly averaged observed discharge. The observed hourly averaged discharge one timestep before the start of model run was used as an initial discharge for the numerical solver.
The HBV model
The HBV runoff response routine used in the present study contains two conceptual storage reservoirs. The relationship between the single outlet upper storage reservoir and outflow is non-linear while the relationship between the single outlet lower storage reservoir and baseflow is linear. The outflow from the upper and lower reservoirs respectively conceptually represent the quick flow from overland flow and 'superficial' drainage (QUZ), and baseflow from ground water storage (QLZ):
where nu is exponent of non-linearity for the upper zone, UZ (mm) and LZ (mm) respectively denote the upper and lower zones, k1 and k0 are recession coefficient parameters. Percolation from the upper to the lower reservoir is controlled by the parameter (PERC). The soil moisture accounting routine is based on Bergström (1976) . A non-linear function partitions the infiltration into change in soil moisture storage (ΔSM) and recharge to the upper zone
SM is soil moisture, FC is the field capacity and LP is 'the limit for potential evaporation'.
Basic Grid Model (BGM)
The BGM is a simple distributed model based on Bell and Moore (1998) 
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Snow Accumulation and Melting routine
The influences of snow processes are dominant in the study area during winter and spring seasons. The snow routine simulates snow accumulation and the outflow melt water release from saturated snow (Qs) based on the gamma distributed snow depletion curve or SDC (Kolberg and Gottschalk, 2006) , which was implemented in the ENKI hydrological modelling platform (Kolberg and Bruland, 2012) . The calibrated parameters in this routine are snow-rain threshold temperature parameter (TX) and snowmelt sensitivity to wind speed or windscale (WS). The same snow routine were used with all three runoff response routines.
Potential Evapotranspiration Routine
The PriestleyTaylor method (Priestley and Taylor, 1972) was used for the calculation of potential evapotranspiration, PET (mm/h) for all routines: SRn was computed from the global radiation (RG) and land albedo, and the LRn was computed based on Sicart et al. (2006) . Following Teuling et al. (2010) , α = 1.26 was used rather than setting it by calibration in order to reduce the number of calibrated parameters.
Runoff Routing
A simple translation based on 1-hr isochrones was implemented for all models. The hillslope runoff response of each 1x1 km 2 grid cell was translated to the catchment outlet based on travel time lags. Routed simulated streamflow at the outlet was computed from the sum of contributions from each grid cell:
where t and i represent time and grid cells respectively, N is the number of grid cells in the 
Model Identification
The Differential Evolution Adaptive Metropolis (DREAM) algorithm (Vrugt et al., 2009) was used for model calibration based on the log-likelihood (L-L) objective function, which was implemented in the ENKI hydrological modelling platform (Kolberg and Bruland, 2012) .
A regional calibration by the DREAM algorithm can be regarded as an 'importance sampling' strategy for each catchment, where sampling is according to an 'importance surface' reflecting where the optimum is likely to be. DREAM seeks and converges to the posterior distribution and DREAM's regional posterior distribution is an importance surface for each catchment. The regional calibration approach is an acceptable calibration strategy for each single catchment without considerable loss in performance from the DREAM at-site calibration, which utilizes only streamflow data from each individual catchment.
The log-likelihood (L-L) objective function used for the regional calibration is:
where δ denotes model parameter, σi 2 and ni respectively are error variance and the length of non-missing records of streamflow for catchment i, NC = 26 is the total numbers of modelled catchments in the region, Qsim (θ) and Qobs (θ) respectively are Box-Cox (Box and Cox, 1964) transformed observed and simulated streamflow time series to approximate normal distributed and homoscedastic series, θ is the Box-Cox transformation parameter and f represents a fraction of effectively independent observations. Values of θ between 0.25 and 0.30 are common in literature (e.g. Vrugt et al., 2002; Willems, 2009) . For the sake of consistency, θ = 0.3 and f = 0.001 were used for all catchments.
Evaluation of the local calibration and the regionalization methods were carried out based on two PM, i.e. Nash-Sutcliffe efficiency or NSE (Nash and Sutcliffe, 1970) 
Regionalization Methods
In total we investigate 7 parameter transfer experiments in which 3 are used as benchmark,
i.e. reference model performance, while 4 regionalization methods are further assessed against benchmarking performance.
Benchmarks
Three basic parameter transfers were considered as benchmarks to compare the performance of the more advanced regionalization method(s). A best arbitrary single-donor (BASD), which is an ideal case of parameter transfer, was used as a benchmark. The BASD for each recipient catchment was identified from an arbitrary transfer of the optimal parameter sets from the Nc-1 potential donors without employing any regionalization method. It provides the maximum possible PM that can be obtained from the single-donor transfer of parameters. The authors also tested each donor parameter set on all catchments to identify the parameter sets that provides the highest regional median PM and named it best regional donor (BRD) as a second benchmark. The performance of the LC was also used as a benchmark to evaluate the deterioration or improvement or the 'spatial loss or gain' of the PM from the LC due to the regionalization.
Regional calibration
This method explores the performance of the regional calibration based on parameter sets that provide the maximum regional weighted average (MRWA) PM among those computed using eq. (12) for both NSE and NSEln for each parameter set accepted by the DREAM algorithm.
It involves identification of parameter sets that provide the MRWA PM for the region. In this method, a homogeneous parameter set is derived for the region corresponding to each PM:
where NTS is the length of timestamp for the calibration period (including the missing records) and RWA stands for regional weighted averaged, where the weights are the term in the parenthesis assigned for each catchment based on the length of their non-missing streamflow records during the calibration period. Note that the regional calibration regionalization method used in the present study is similar to previous works on the regional calibration in terms of utilizing the streamflow data from multiple catchments in the region.
However, the regional parameter sets corresponding to the maximum regional weighted average (MRWA) PM obtained from the total modelled catchments are used in the present study.
Regional median parameters
This method evaluates the performance of regional median parameter (RMedP) set derived for a region from the optimized parameter set for each catchment:
where j is subscript for the free parameters (j = 1 to Np, where Np is the total number of calibrated parameters). This method allows pooling of parameters for each PM from multiple donor catchments (i.e. multi-donor median of parameter set) and then transferring homogeneous parameter sets for the whole region for prediction. The only difference between this method and the "parameter averaging" pooling option by Kokkonen et al. (2003) , Oudin et al. (2008) and Kim and Kaluarachchi (2008) is that the median rather than the mean values of parameters were used. However, a limitation of transferring either median or mean parameters is that the method transfers the regional median or mean of each parameter rather than a set of optimal parameters and hence does not keep the correlation structure of the calibrated model parameters.
Nearest neighbor (NN)
In general, this method assumes that the spatial proximity could explain hydrological homogeneity. The optimized parameters were transferred from the nearest neighbor singledonor catchment to the recipient catchment(s). The Euclidean distance in the geographic coordinates spaces of the streamflow gauging stations was used to identify the nearest neighbor for the catchments. This distance was since streamflow at the catchment outlets, which integrates the effects of catchment area in terms of the spatial variability of runoff dynamics and the effects of runoff delay, was used for calibration. In addition, the 'top-down' modelling paradigm of Kirchmod was based on the use of observed streamflow at the gauging stations.
Physical similarity (PS)
The method assumes that similarity of catchments in physical attributes could explain their homogeneity in runoff response. In the present study, the optimized parameter sets from a single donor catchment were transferred to a recipient catchment that is most similar in the physical attributes. The method is subject to the selected physical attributes governing the runoff response (e.g. Sawicz et al., 2011; Viglione et al., 2013) , which require availability of reliable data and subjective judgment in selection of attributes. In the present study, selection of the attributes was based on their relevance in influencing the runoff response of the study area, availability of representative data and findings from previous studies e.g. the dominant topographic influences on the runoff response for boreal catchments as reported in Halldin et al. (1999) and Beldring et al. (2003) . Eight different cases of physical similarity were evaluated: similarity in hypsometric curves (PSH), land use (PSL), drainage density (PSD), catchment area (PSA), cumulative distribution functions of terrain slope (PSS), bedrock geology (PSR), soil types (PSSO) and combinations of all attributes (PSC).
The hypsometric curves express how the area of the catchment is distributed according to elevation and it is expected to provide more information than using only the mean and median Nx Nx
where i and k respectively are the indexes for the attribute x and classes, j and h respectively are indexes for the two catchments to be compared, a is the total numbers of the attributes considered, c is the total numbers of classes in the attribute and N stands for normalized. The min and max are the minimum and the maximum values for the whole catchments of the classes in the attribute i. Equal weightages were assigned to each class in the attributes and to each attribute for the combined attributes. For the sake of explanation, for the landuse attribute in Table 2 , there are six classes i.e. farmland, forest, mountains, glacier, marshs (bog) and lakes and for the PSC there are seven attributes.
The NN and PS methods were used based on a single-donor and rank similarity approach.
For each recipient catchment, the NC -1 potential donor catchments were ranked based on their geographic proximity and physical similarity distances (i.e. eight cases) respectively for the NN and PS. Rank no. 1 refers to the nearest or most similar catchment, i.e. best single donor, from which the complete set of local calibrated parameters is transferred to the recipients. Hence, the regionalization methods were evaluated without employing any sophisticated clustering methods to form homogeneous sub-regions for parameter transfer within sub-regions. The small number of unregulated gauged catchments in the region (i.e.
only 26) compared to the wide extent of the study region also suggests analyses based on the total Nc-1 potential donors. In addition, it keeps consistency in the numbers of potential donors among the regionalization methods.
Results

Regional performance
Box plots of the values of the PM (both NSE and NSEln) for the benchmarks LC and BRD, and regionalization methods for the Kirchmod, HBV and BGM models are given in Figure   3a -c respectively. For the Kirchmod, regional median NSE and NSEln are higher for the PSH Since regionalization focuses on identifying the best regional solution, it would generally involve compromises in the PM of the LC for the individual catchments. Comparisons of the regionalization methods based on PM are affected by the results of poorly performing catchments. Therefore, the authors now aim to perform comparisons of the regional performance of the regionalization methods based on a relative measure that has the potential to reduce the effects of poor LC for some catchments, for instance, due to poor or unrepresentative input data. To this end, box plots of relative deterioration or improvement in the PM from the local calibration due to the regionalization, which is calculated as (Regionalization PM-Local calibration PM)/Local calibration PM are presented in Figure 4a c for the Kirchmod, HBV and BGM models respectively. The results indicate that the PSC and PSS methods provided low regional median relative deterioration for NSE and NSEln respectively for both Kirchmod and HBV models. The PSH and MRWA methods provided low regional median relative deterioration for the NSE and NSEln respectively for the BGM model. In terms of NSEln, the BRD provided similar performance to the MRWA for the HBV model and to the PSS for the BGM model.
Performance for the individual catchments
Even though, the main objective of the regionalization procedures in the present study was to identify the best performing regionalization methods for the whole region, evaluation of performance for each catchment could provide additional clues, for instance, why some catchments performed badly. Values of PM for each catchment corresponding to the benchmarks (LC, BASD and BRD) and for a hypothetical best regionalization methods performance (BRMP) from both single-donor and multi-donors for each catchment are given in Table 4 -5 for the NSE and NSEln respectively. The best regional donor (BRD) catchments vary with the model and PM: catchment 9 is the best regional donor for both NSE and NSEln for the Kirchmod, catchments 22 and 21 are the best regional donors for NSE and NSEln respectively for the HBV model, and catchments 1 and 9 respectively are the best regional donors for NSE and NSEln for the BGM model. These catchments performed better, as best regional donors, than catchments 3 and 6 that have climate stations inside their boundary.
However, more reliable parameter calibration based on data from high-density climate stations has the potential to further improve the performance of the BRD. The PM obtained For the analyses based on the performance of regionalization for individual catchments, two or more regionalization methods performed equally, and the best regionalization methods varies among the catchments, model structures and performance measures (see Table 6 ).
There are two cases for equal performance of different regionalization methods to happen.
The first case is when more than one single-donor catchments have the top similarity rank (rank no. 1) to the recipient catchment in more than one physical attribute. The second case is when more than one best performing single-donor catchments in terms of different physical attributes have the same optimized parameter set. However, in terms of the regional median performance for the NSE, the PSC is the most frequent best regionalization method for the Kirchmod and BGM, and both PSC and PSH are the most frequent best regionalization methods for the HBV model. For the NSEln, the PSSO and PSC respectively are the most frequent best regionalization methods for both Kirchmod and HBV model, and BGM model.
Overall, the PSC regionalization method provided the most frequent best performance compared to PSSO and PSH.
For each catchment, there are differences in the PM among the catchments and models (see Table 4 -5). For instance, all benchmarks and regionalization methods resulted in low performance (NSE < 0.6) at six catchments (2, 10, 11, 15, 22 and 25) for the Kirchmod and model. Poor NSEln values (< 0.6) were observed at five catchments (8, 11, 14, 22 and 25) for the Kirchmod and the HBV models, and at eight catchments (8, 11, 14, 15, 20, 22, 23 and 25) for the BGM model. This shows that in terms of performance for the individual catchments, the HBV and BGM models performed poorly in terms of NSE and NSEln respectively for a large number of catchments. The relative deterioration of performance from the local calibration due to the regionalization is high for catchments 15, 16 and 2 for the NSE and for catchment 14 for the NSEln.
Therefore, it is worth investigating why do models perform better or worst for some
catchments. The quality of observations and potentially less representativeness of the precipitation and other climate data in terms of the density and altitude of gauging stations, and hence less accurate estimation of spatially interpolated climate forcing on the 1x1 km 2 computational grids, is one of the main factors for poor PM for these catchments. The altitudes of the climate gauging stations used in the present study range from 15 to 885 masl.
However, hypsometric curves for the high altitude catchments indicate that about only 6%, 46 %, 48%, 38%, 17 % and 24 % of catchments lie below 885 masl respectively for catchments 2, 7, 10, 14, 17 and 24. Therefore, in addition to influencing the runoff generation, hypsography affects the representativeness of climate records, as the low-lying gauging stations may not capture the precipitation in the mountainous regions for catchments 2, 10, 14 and 24. The effect of catchment size on the performance is also an additional factor i.e. catchments 23, 10, 25, 16, 20, 11 are < 150 km 2 (see Table 1 ). The correlations analysis among performance measures, catchment area and streamflow characteristics at the end of this results section indicate decrease in performance with flow magnitudes (i.e. catchment area). Hailegeorgis and Alfredsen (2014b, article in press) and Hailegeorgis et al. (2015) for catchment 6 (the Gaulfoss watershed) found poor performance of parameter transfer to its internal sub-catchment of catchment 14 (Lillebudal bru) especially for low flow simulation, which may be attributable to less representativeness of climate data for catchment 14. attributes. However, combination of the whole attributes (PSC) appeared to be the most frequent best performing method for the individual catchments and exhibits less regional median relative deterioration in performance compared to the individual attributes.
Selection of physical attributes
Single-and multi-donor methods
Comparisons of the performance of single-donor versus multi-donor regionalization methods are an important aspect of analysis. For catchment 16-HBV-NSE, catchment 5-BGM-NSE and catchment 6-HBV-NSEln, the multi-donor based RMedP regionalization method provided higher PM than the maximum possible performance that can be obtained by the BASD (see Table 4 -5). In addition, the RMedP provided higher performance than the LC for catchment 16-HBV-NSE and catchment 5-BGM-NSE (see Table 4 ). These specific cases show the higher performance of the RMedP, which does not keep the correlation structure of the parameters, than the LC parameter set and the BASD. The performance of the multidonors over the single-donor methods for catchments 6 and 16, and 5 respectively for the HBV and BGM models may arise questions related to high sensitivity of runoff simulation to some parameters.
The increase in the performance of the multi-donor method compared to the ideal BASD and the LC may indicate the importance of selection of proper donors for each targer catchment or groups of catchments. This can be performed through identification of subregions, which are homogeneous in runoff response. In this case, selection of proper donor catchments is more important than identifying optimal number of donors as the latter may vary among the sub-regions and target ungauged catchments. The simplest approach is to exclude catchments with poor LC performance and hence potentially less accurate calibrated parameters from the pool of donors. However, large numbers of catchments are required to form several homogeneous sub-regions and hence reduce the heterogeneity among the pooled catchments. Owing to the small number of catchments in the present study over a relatively wide geographic extent, the present study focused on evaluation of the performance of the total potential donors rather than attempting to identify the optimal number of donors.
Performance of the multi-models
The Kirchmod provided the highest regional median NSE for the LC and the regionalization methods MRWA, RMedP, NN, PSH, PSD, PSR, PSSO and PSC, and highest regional median
NSEln for the LC and all regionalization methods except the NN (Table 4 -5). However, the LC PM of the Kirchmod for some individual catchments are poor for instance catchments 2 and 15 for NSE whereas the HBV model resulted in good LC performance for these catchments (Table 4) . Generally, the results indicate that the Kirchmod outperforms the two other models for both LC and regionalization methods.
Optimized parameter values
Information gained on calibrated parameter values is interesting since evaluation of the regionalization methods were performed based on the transferability of model parameters.
The main question lies in whether the calibrated common parameters are similar among the models. Since the three models have the same snow and routing routines, we checked whether the common parameters (TX, WS and V) converged to similar parameter values for each catchment or to their regional statistics for the three models. Plots of optimized values of these parameters for the models for each catchment are given in Figure 5 . The results indicate that calibration of the three models converged to different parameter values for the majority of catchments. This indicates important information on implications of the correlation and non-identifiability of parameters on parameter transferability for regionalization. However, the TX follows similar trends for the three models. The RMedP values of the TX, WS and V are nearly the same respectively for HBV and BGM, Kirchmod and BGM, and Kirchmod and BGM.
Correlation analysis
We further analyzed the relationships among streamflow characteristics, catchment physical attributes, model parameters and performance measures to investigate whether the results of the regionalization would allow process understanding and identification of proper physical attributes. The streamflow characteristics analyzed in here refer to the hourly streamflow at different percentages of time flow equaled or exceeded or the flow duration curves (FDC) for the calibration period.
Assessment of relationships between catchment attributes and optimized parameters is useful for spatial transfer of parameters for prediction in ungauged basins. Linear correlation coefficients (r) among some attributes, which are used for the physical similarity based regionalization, and the optimized runoff response routine parameters are given in Table 7 , Table 8 and Table 9 respectively for the Kirchmod, HBV and BGM models. Considerable correlations (e.g. r ≥ 0.60) are obtained only between median terrain slope and some of optimized parameters (i.e. drainage coefficients for the HBV and BGM models, Smax for BGM model, and EvR for Kirchmod).
Assessment of relationship between catchment attributes and the streamflow characteristics is useful for spatial transfer of streamflow characteristics for prediction in ungauged basins.
The linear correlation coefficients (r) only between catchment area, among the physical attributes used in the present study, and the streamflow characteristics were found to be considerable (e.g. r ≥ 0.85) as given in Table 10 , which indicate important relationships for transfer of streamflow characteristics for prediction in ungauged basins in the boreal region.
Knowledge on the relationship between optimized parameters and streamflow characteristics may provide useful guidance for preliminary selection of a pool of gauged catchments for the regionalization. However, maximum positive and negative correlation values of only 0.36 and -0.36 respectively were observed (Table not reported here) .
Relationship between PM of both LC and regionalization methods and the streamflow characteristics can also provide useful guidance for preliminary selection of donor catchments and suitable regionalization methods. However, positive correlations with a maximum value of 0.51 were obtained for the majority of the cases (Table not reported here).
The positive correlations i.e. increase or decrease in the PM of the models for the LC and regionalization methods with the streamflow magnitudes and hence the catchment area were observed.
Discussion
Regional performance
The results of the present study justify that selection of proper regionalization methods are dependent on the model structure used, the selected PM and their statistical evaluation (e.g. Parajka et al., 2005; Lee et al., 2005; Oudin et al., 2008) . In general, the results (Figure 3a-4c) for the three models indicate that the PSH and BRD performed better for the NSE, and the However, the poor performance of the single-donors mainly of the NN method do not reflect this, which indicate for this particular study that identification of proper regional donor found to be better than identification of proper donors for each target catchment or groups of catchment.
Arsenault and Brissette (2014) obtained for Quebec (Canada) that the physical similarity approach performs better than the spatial proximity, which complies with this study. The findings of the present study do not support the results of previous studies that reported better performance of the nearest neighbor than the physical similarity (e.g. Merz and Blöschl, 2004; Parajka et al., 2005; Oudin et al., 2008; Zhang and Chiew, 2009; Parajka et al., 2013) .
Low performance of the NN regionalization method in terms of the regional median ( Figure   3a -4c) indicated the lack of smooth spatial variations of dominant hydrological processes in the study region. The main reasons for the differences among the findings of the present study and the previous works may be attributed to the differences in the hydrological behavior of the boreal catchments. For instance, Beldring et al. (1999; noted significant contribution of the subsurface flow from the subsurface storage, which is highly influenced by the spatial variability of terrain characteristics, to the runoff hydrographs of boreal glacial tills dominated catchments. In addition, the present study is based on simulation of hourly runoff response in which a simple translation based routing accounts for the runoff delay compared to the daily or monthly simulation in the previous studies. Moreover, the results of the physical similarity are affected by the selection of the physical attributes and the similarity distance metrics. However, there are considerable similarities in the types of attributes used in the previous and the present study except that the hypsometric curves rather than the mean elevation and the cumulative distribution functions (CDF) of the slope are used in the present study rather than the mean or median slope.
In addition, runoff responses in boreal region is also influenced by the spatial variability of both rainfall, and snow accumulation and melt processes. The effects of the less representativeness of precipitation data may result in pronounced effects on the high flow simulation that is influenced by both rainfall and snowmelt events. The density of hydroclimatic gauging networks can also have considerable influences on the performance of the nearest neighbor (NN) donor catchments based regionalization (see Parajka et al., 2005; Oudin et al., 2008) . Therefore, the low density of hydro-climatic gauging networks in the present study might have contributed to the less performance of the nearest neighbor method.
Only two of the modelled catchments (3 and 6) have precipitation gauging stations inside their boundary. Dense hourly measurement networks inside the study catchments would generally benefit the runoff simulation in the study region. Evaluation of the representativeness of climate stations both in terms of density and location altitude of the gauging stations need to be scrutinized in regionalization endeavors. With respect to the length of time series for calibration, Merz et al. (2009) suggested that a calibration period of 5 years daily data captures most of the temporal hydrological variability. In the present study, the authors expect that the two-year period hourly data was used for the calibration, due to the lack of long hourly climate data, would provide robust calibration. However, if there were no limitations of hourly climate data, calibration based on long time series would be important. Coupling of spatial proximity and physical similarity methods may provide improved performance for the less dense stream-gauging network (see Samuel et al., 2011) .
The results also indicated the potential effects of geographical proximity on the performance of regionalization or the interaction between the geographic proximity and physical similarity, which suggests integrated utilization of the two methods for prediction in ungauged basins. For instance, catchments 15 and 24 are geographically farthest north and south respectively of the region and catchments 13, 19, 22, 10 and 16 are least close to the rest of the catchments in their geographical proximity. Catchments 23, 10, 2, 24, 14, 17, 25, 15 are far from the rest of catchments in terms of their combined physical attributes. The majority of these catchments are among those catchments which exhibited NSE < 0.6 and/or NSEln < 0.6 (Table 4-5) for both the local calibration and regionalization methods and with high relative deterioration in the PM.
Physical similarity attributes
The better performance of transfer of the locally calibrated parameters in the region based on the physical similarity methods generally indicated the physical control of runoff processes.
The better performance of the physical similarity method would substantiate the need for data acquisition on some influential attributes (e.g. soil hydraulic properties) for further attempts of regionalization based on physical similarity in the region. The mean annual precipitation climate attribute (e.g. Parajka et al., 2005; Kim and Kaluarachchi, 2008; Sawicz et al., 2011) is also potentially relevant attribute. In addition, other climate attributes such as mean annual potential evapotranspiration (e.g. Kim and Kaluarachchi, 2008) , aridity index (e.g. Zhang and Chiew, 2009; Oudin et al., 2008) , percentage of snow in total precipitation and mean annual temperature may also be important. However, if representative climate data were readily available for the catchments, use of physio-climatic similarity for instance by including mean annual and seasonal precipitation attributes would be important.
Single-and multi-donors
The best performance of the multi-donor MRWA and RMedP methods for the NSEln (Figure   3a -c) indicate better performance of homogeneous parameter set for the region for low flow than high flow simulation. The differences in the performance between the two PM even for the hourly simulation in the present study supports the previous studies by Lee et al. (2005) and Wagener and Wheater (2006) , which demonstrated the incapability of the current model structures to simulate both high flow and low flow behaviors of catchments simultaneously with a single parameter set. The dependency of regionalization on the performance measures substantiates the need for selection of the PM depending on the modelling objectives (e.g. high flow, low flow and water balance simulation). Excluding the poorly calibrated catchments from the donors set (e.g. Oudin et al., 2008) or transferring average or median of parameter values of only the immediate upstream and downstream neighbors of each catchment (e.g. Merz and Blöschl, 2004) would be expected to benefit more the multi-donor based regionalization methods (MRWA and RMedP) than the single-donor regionalization methods. Note that due to the small number of catchments in the present study, the poorly performing catchments were not excluded from donors.
Performance of the multi-models
The highest regional median performance is achieved by the Kirchmod model (Figure 3a-4c) probably due to its 'top-down' modelling paradigm and parsimony. The principle of model parsimony (Jakeman and Hornberger, 1993) endorses parsimonious models as long as they perform similar to the more complex models. Complexity alone cannot guarantee good and reliable performance (Perrin et al., 2001 
Parameter identifiability
The implications of the differences in the calibrated values of the parameters that are common for the three models ( Figure 5 ) for the regionalization endeavors is that there is interactions among the parameters within the runoff response, and snow and runoff routing routines (see also Wagener and Wheater, 2006 ). Another aspect is the possible impact of the number of parameters on the regionalization performance. For instance, the HBV model is more complex in terms of numbers of parameters and storage states but provided the poorest regional performance. Results from Uhlenbrook et al. (1999) , Merz and Blöschl (2004) and Hailegeorgis and Alfredsen (2014b) indicated that some of the HBV parameters are difficult to identify due to their lesser sensitivity or their uncertainty. To improve parameter identifiability, it may be necessary to fix the less sensitive parameters at pre-defined values (e.g. their median values or the RMedP) and only regionalize the optimized runoff response routines parameters.
Correlation analysis
The large positive linear correlation (> 0.6) between the median terrain slope and EvR, k1 and k0 (Table 7 and Table 8 ) might be reflected in the low regional median relative deterioration of the NSEln by the PSS method for both the Kirchmod and the HBV models. However, the large positive correlation between the bedrock type and EvR, hypsography and PERC, and median slope and both k and Smax did not result in high performance of similarity in the respective attributes for the respective models. This may be related to parameter nonidentifiability problems and the need for relating catchment attributes to parameter set rather than to individual parameter values as suggested by Bárdossy (2007) .
The large positive correlation between catchment area and streamflow corresponding to different flow durations (Table 10) indicate an opportunity for prediction of flow duration curves and time series in ungauged basins using statistical approach (e.g. Yadav et al., 2007;  Hailegeorgis and Alfredsen 2014a). However, PM based on regionalization of precipitationrunoff models using the physical similarity method did not outperform the other regionalization methods except the fact that there is no outlier catchment for the PSA method for NSEln for the BGM model (Figure 3c ). This may be attributed to the fact that no defined correlation between streamflow characteristics, which is correlated to catchment scale, and model parameters was found probably due to parameter non-identifiability problems. Merz et al. (2009) The present study was the first attempt for regionalization of hourly runoff simulation in the region. Further regionalization study at hourly temporal resolution for the study region should focus on representative (i.e. high-density gauging networks and longer records of climate and streamflow input) and physio-climatic attributes including precipitation and soil hydraulic attributes. The findings from the present study provide important information relevant to distributed continuous hourly runoff simulation in ungauged basins.
Regionalization studies for distributed hourly runoff simulation for catchments in other climate regimes and landscape features would also provide further insights.
